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Abstract. This paper develops dimension reduction techniques for accelerating diffusion
model inference in the context of synthetic data generation. The idea is to integrate com-
pressed sensing into diffusion models: (i) compress the data into a latent space, (ii) train a
diffusion model in the latent space, and (iii) apply a compressed sensing algorithm to the
samples generated in the latent space, facilitating the efficiency of both model training and
inference. Under suitable sparsity assumptions on data, the proposed algorithm is proved
to enjoy faster convergence by combining diffusion model inference with sparse recovery. As
a byproduct, we obtain an optimal value for the latent space dimension. We also conduct
numerical experiments on a range of datasets, including image data (handwritten digits,
medical images, and climate data) and financial time series for stress testing.
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1. Introduction

Diffusion models are a family of generative models that genuinely create the desired target
distribution from noise [34, 68, 69]. They underpin the recent success in the text-to-image
creators such as DALL·E 2 [60] and Stable Diffusion [61], and the text-to-video generators
such as Sora [57], Make-A-Video [64] and Veo [29]. Despite their success in the domain of
computer vision (and more recently, natural language processing [56, 40]), the use of diffu-
sion models for data generation in other fields such as operations research and management
remains underdeveloped. One main obstacle in applying diffusion models in traditional fields
is that these models are often computationally demanding both in model training and gen-
eration/inference. For instance, generation may require hundreds to thousands of function
evaluations (NFEs) in high-dimensional ambient spaces, with memory bandwidth and wall-
clock time emerging as practical bottlenecks for with real-time and on-device deployment.

As observed in [25, 58], many existing data enjoy low-dimensional structures. So a natural
solution to the aforementioned curse of dimensionality is to apply dimension reduction tech-
niques to diffusion generative models. The pioneer work [38] proposed to efficiently train a
diffusion model on a (suitable) latent space instead of directly on the ambient space, which
triggers subsequent works on finding a (low-dimensional) latent space for diffusion model
training (see e.g., [17, 19]). The focus of this paper is on accelerating diffusion generation
with mild model training in the context of inference time scaling for diffusion models [53].
By exploiting the low-dimensional/sparse nature of the underlying dataset, we develop di-
mension reduction techniques for diffusion models, with applications to medical, climate and

Date: September 2, 2025.

1



2 ZHENGYI GUO, JIATU LI, WENPIN TANG, AND DAVID D. YAO

financial data generation that may advance further analytical methods across domains such
as supply chain logistics, healthcare, and energy systems.

The contributions of the paper are as follows:

• We develop a dimension reduction pipeline CSDM that combines diffusion mod-
els with compressed sensing [12, 13, 25]: (i) compress the data in Rd into a low-
dimensional (latent) space Rm (d ≫ m); (ii) train a diffusion model in the com-
pressed/latent space Rm for inference; (iii) apply a compressed sensing algorithm to
the samples generated in the latent space for decoding to Rd.

• We provide theoretical analysis of CSDM by combining the diffusion inference time
complexity with the compressed sensing recovery complexity. As a byproduct, we
obtain an “optimal” value for the compressed (latent space) dimension, which offers
a guidance on the choice of the space. For instance, in the very sparse setting,
the commonly adopted DDPM model [34] with FISTA [3, 4] for recovery yields the

complexity O(
√
d), and the optimal compressed dimension m = O(

√
d).

• We apply our proposed CSDM pipeline to various image dataset, including MNIST
(handwritten digits), OCTMNIST (medical), and ERA5 Reanalysis (climate). In a
separate direction, we combine diffusion models with principle component analysis
(yet another dimension reduction technique) to generate financial time seires for stress
testing. In all these experiments, the proposed methodologies preserve high sample
fidelity, while deliver substantial wall-clock speedups.

To the best of our knowledge, this is the first paper to combine diffusion models with com-
pressed sensing for accelerating the inference process. The intuition is clear: score evaluation,
backpropagation, and sampling scale with the compressed dimension m≪ d, which facilitate
the efficiency of both training and inference. In terms of applications, our pipeline is designed
for decision-centric workflows that require large scenario sets under tight compute budgets.
As an example, in climate and energy systems, we often generate compressed-domain en-
sembles of gridded weather fields (e.g., precipitation and irradiance), and decode only the
subsets needed for unit commitment, reserve sizing, and chance-constrained optimal power
flow, thereby enabling denser Monte-Carlo and what-if studies within the same wall-clock
budget. We also note that the CSDM pipeline can be easily integrated into diffusion model
fine-tuning/post-training/alignment [6, 26, 83] (see [79, Section 4.5] for a review), which will
be the focus of our future work. Notably, the recent work [39] shows promise in using a
coarser model such as CSDM (a “bad” version) for fine-tuning diffusion models.

Related Literature: Here we provide a brief review of the most relevant works. Diffusion
models were proposed by [34, 68, 69] in the context of generative modeling, which have been
shown to empirically outperform other generative models such as GANs on various synthetic
tasks [24, 42]. Subsequent works studied the convergence of diffusion models [21, 27, 47],
just to name a few (see Section 2.1 for more references). As mentioned earlier, training
diffusion models often suffers from the curse of dimensionality. This leads to the works of
finding provably good latent spaces for diffusion model training [17, 19]. There are also
numerous works on accelerating diffusion model inference, including deterministic sampling
[65], higher-order ODE solvers [52, 82], and progressive/consistency distillation [63, 66, 67].
These sampling methods can be applied to diffusion inference in the latent space, hence being
easily integrated into our CSDM framework. Recently, a line of theorerical works [36, 48, 59]
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explored the diffusion’s capability of adapting to low dimensionality. That is, a diffusion
model itself can capture the data’s low-dimensional structure and yields faster convergence,
even without any dimension reduction tricks. The main difference is that these works still
require model training in the ambient space, while we propose to train the model in the
latent space for more efficient training. Refer to Section 3 for further discussions. Finally,
the literature of compressed sensing [12, 13, 25] is reviewed in Section 2.2. We also point out
that in another direction [8, 80], generative models are used for efficiently solving the inverse
problems (e.g., compressed sensing). This is different from our setting, where compressed
sensing helps accelerate data generation.

Organization of the paper: The remainder of the paper is organized as follows. Section 2
gives background on diffusion models and compressed sensing. Our CSDM methodology and
its theory are developed in Section 3. In Sections 4–5, we provide numerical experiments on
image and financial time seires data. Concluding remarks are summarized in Section 6.

2. Preliminaries

This section provides background on the two key objects of the paper, diffusion models
and compressed sensing.

Below we collect some notations that will be used throughout this paper.

• For x, y ∈ Rd, x·y denote the inner product between x and y, and |x|p := (
∑d

i=1 |xi|p)1/p
is the p-norm of x.

• For a function f : Rd → R, let ∇f denote the gradient of f .

• The symbol N (µ,Σ) denotes the Gaussian distribution with mean µ and covariance
matrix Σ, and Unif [a, b] denotes the uniform distribution on [a, b].

• For f : Rd → Rm and µ(·) a probability measure on Rd, the symbol f#µ(·) denotes
the pushforward of µ(·) by f .

• The symbol a = O(b) or a ≲ b means that a/b is bounded as some problem parameter
tends to 0 or ∞ (often neglecting the logarithmic factor).

2.1. Diffusion models. Diffusion models are a class of generative models that learn data dis-
tributions by a two-stage procedure: the forward process gradually adding noise to data, and
the reversed process recovering/generating the data distribution pdata(·) from noise. There
are many formulations of diffusion models, e.g., by Markov chains [34, 68], by stochastic
differential equations (SDEs) [69], and by deterministic flows [50, 51]. To provide context,
we briefly review the continuous-time formulation by SDEs that offers a unified framework
of diffusion models.

We follow the presentation of [73]. The forward process is governed by an SDE:

dXt = f(t,Xt)dt+ g(t)dWt, X0 ∼ pdata(·), (2.1)

where f : R+ × Rd → Rd, g : R+ → R+, and (Wt)t≥0 is Brownian motion in Rd. Some
conditions are required on f(·, ·) and g(·) so that the SDE (2.1) is well-defined, and that Xt

has a smooth density p(t, x) := P(Xt ∈ dx)/dx, see [70]. As a notable example, f(t, x) =
−1

2(at+b)x and g(t) =
√
at+ b for some a, b > 0 corresponds to the variance preserving (VP)

model [69], whose discretization yields the most widely used denoising diffusion probabilistic
models (DDPMs) [34].
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The key to the success of continuous diffusion models is that their time reversal (X̃t)0≤t≤T

has a tractable form:

dX̃t =
(
−f(T − t, X̃t) + g2(T − t)∇ log p(T − t, X̃t)

)
dt+ g(T − t)dBt, X̃0 ∼ p(T, ·),

with (Bt)t≥0 a copy of Brownian motion in Rd [33]. It is common to replace p(T, ·) with a
noise pnoise(·), which is close to p(T, ·) but should not depend on pdata(·). All but the term

∇ log p(T − t, X̃t) are available, so it comes down to learning ∇ log p(t, x), known as Stein’s
score function. Recently developed score-based methods attempt to approximate ∇ log p(t, x)
by neural nets {sθ(t, x)}θ, called score matching. The resulting reversed process (Yt)0≤t≤T is:

dYt =
(
−f(T − t, Yt) + g2(T − t)sθ(T − t, Yt)

)
dt+ g(T − t)dBt, Y0 ∼ pnoise(·). (2.2)

An equivalent probabilistic ODE sampler is:

dYt =

(
−f(T − t, Yt) +

1

2
g2(T − t)sθ(T − t, Yt)

)
dt, Y0 ∼ pnoise(·). (2.3)

Both (2.2) and (2.3) are referred to as the inference processes, and the implementation
requires discretizing these processes.

There are several existing score matching methods, among which the most widely used one
is denoising score matching (DSM) [77]:

min
θ

Et∼Unif [0,T ]

{
λt EX0∼pdata

[
Ep(t,·|X0)

∣∣∣sθ(t,Xt)−∇ log p(t,Xt|X0)
∣∣∣2
2

]}
, (2.4)

where λt is a weight function. The advantage of DSM is that most existing models (e.g., VP)
are Gaussian processes of form Xt = αtX0 + σtε, with ε ∼ N (0, I) independent of X0. By
adopting a noise parameterization εθ(t,Xt) = −σtsθ(t,Xt), DSM (2.4) reduces to:

min
θ

Et∼Unif [0,T ]

[
λt

σ2
t

EX0∼pdata,ε∼N (0,I) |εθ(t, αtX0 + σtε)− ε|22
]
. (2.5)

Common choices for the weight function are λt = σ2
t [69], and λt = −σ2

t

(
log

α2
t

σ2
t

)′
[41]

corresponding to the evidence lower bound. For theoretical studies, it is standard to assume
a blackbox score matching error: there is ϵ > 0 such that

EX∼p(t,·)|sθ∗(t,X)−∇ log p(t,X)|22 < ϵ2, (2.6)

where θ∗ is output by some score matching algorithm (e.g., DSM (2.4) or (2.5)). See also
[18, 31, 78] for analysis of score matching errors based on specific neural network structures.

It is expected that under suitably good score matching, the output YT or its discretization
of the models (2.2) and (2.3) is close to pdata(·). To simplify the presentation, we focus on
the VP model and its discretization. We need the following result on the W2 convergence of
the model.

Theorem 2.1. Let (Y, Ỹ ) be defined on the same probability space such that Y ∼ pdata(·), and
Y ′ is distributed as the output of the VP model. Assume that pdata(·) is strongly log-concave,
the score ∇ log p(t, x) is Lipschitz, and the score matching error (2.6) holds. Then:

(1) [27] There is a discretization of (2.2) such that it takes ndiff = O( d
ϵ2
) steps to achieve

|Y − Ỹ |2 ≤ ϵ with high probability.
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(2) [28] There is a discretization of (2.3) such that it takes ndiff = O(
√
d
ϵ ) steps to achieve

|Y − Ỹ |2 ≤ ϵ with high probability.

The W2 convergence of other diffusion models, e.g., variance exploding (VE) [69], was also
studied in [27, 28, 72]. See also [5, 20, 21, 45, 46, 47, 49] for the KL convergence under
similar assumptions as in Proposition 2.1. In another direction, [36, 48, 59] explored the
adaptivity of diffusion models to (unknown) low dimensionality. They showed that it takes

O(dIS
ϵ2

) steps, where dIS is the intrinsic dimension, for DDPM to achieve an ϵ KL-error. We
defer the discussion to Section 3.

2.2. Compressed sensing. Compressed sensing [10, 12, 13, 25] offers a powerful framework
for the exact recovery of a sparse signal x ∈ Rd from a limited number of observations y ∈ Rm

with m≪ d. We start by reviewing compressed sensing, following the presentation of [9].

Sparse recovery problem: Let x = (x1, . . . , xd), and assume that its support T := {i : xi ̸= 0}
has small cardinality. The primary goal is to solve:

min |x|0 subject to Ax = y. (2.7)

Solving this problem is equivalent to finding sparse solutions to an underdetermined system
of linear equations, which is NP-hard [55]. The key idea of compressed sensing relies on L1

techniques; that is to transform the problem (2.7) into a linear program:

min |x|1 subject to Ax = y, (2.8)

which is known as basis pursuit [22].

In our application, we do not have exact compressed data y. Instead, we have synthetic
generation ỹ that can be viewed as a measurement with noise. This scenario fits into robust
compressed sensing [11]: y = Ax + e, where e is some unknown perturbation with |e|2 ≤ σ
(σ is known). It is natural to consider the convex program:

min |x|1 subject to |Ax− y|2 ≤ σ. (2.9)

In fact, the solution to (2.9) recovers a sparse signal with an error at most of the noise level.
To state the result, we need the following notion.

Definition 2.2. [12] Let A be the matrix with the finite collection of vectors (vj)j∈J ∈ Rm

as columns. For each 1 ≤ S ≤ |J |, we define the S-restricted isometry constant δS to be the
smallest quantity such that AT obeys

(1− δS)|c|22 ≤ |AT c|22 ≤ (1 + δS)|c|22,
for all subsets T ⊂ J of cardinality at most S, and all real coefficients (cj)j∈T .

The numbers δS measure how close the vectors vj behave like an orthonormal system, but
only when restricting to sparse linear combinations involving no more than S vectors. The
following theorem concerns sparse recovery for robust compressed sensing.

Theorem 2.3. [11] Let S be such that δ3S + 3δ4S < 2. Then for any signal x supported on
T with |T | ≤ S (referred to as S-sparse), and any perturbation e with |e|2 ≤ σ,

|x∗ − x|2 ≤ CS σ,

where x∗ is the solution to the problem (2.9), and the constant CS only depends on δ4S.
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Sparse recovery optimization: The task is to solve numerically the optimization problem
(2.9). It is known that this problem can be recast into an unconstrained convex problem:

min
1

2
|Ax− y|22 + λ|x|1, (2.10)

where the relation between λ and σ is specified by the Pareto frontier [75]. The problem
(2.10), known as Lasso or image deblurring problem, can be solved by several iterative al-
gorithms, Here we focus on one of these algorithms, Fast Iterative Shrinkage-Thresholding
Algorithm (FISTA) [3, 4].

In the sequel, we denote f(x) := 1
2 |Ax − y|22 and g(x) := λ|x|1. Note that ∇f(x) =

AT (Ax− y), so

|∇f(x)−∇f(x′)|2 ≤ L|x− x′|2 for all x, x′ ∈ Rd, (2.11)

where L := λmax(A
TA) is the largest eigenvalue of ATA. Define

QL(x, x
′) := f(x′) +∇f(x′) · (x− x′) +

L

2
|x− x′|22 + g(x),

and

pL(x
′) = argmaxxQL(x, x

′)

= argmaxx

{
L

2

∣∣∣∣x− (x′ − ∇f(x′)L

)∣∣∣∣2
2

+ g(x)

}

= SoftThreshold

(
x′ − ∇f(x

′)

L
,
λ

L

)
,

(2.12)

where the soft-thresholding operator is applied coordinate-wise [15, 23]:

SoftThreshold(x, a)i :=


xi − a if xi > a,

0 if |xi| ≤ a,

xi + a if xi < −a.

FISTA is a proximal gradient method by incorporating the Nesterov acceleration.

Fast Iterative Shrinkage-Thresholding Algorithm (FISTA)
Input: L (Lipschitz constant of ∇f).
Step 0. Take y1 = x0 ∈ Rd, t1 = 1.
Step k. Compute

xk = pL(yk),

tk+1 =
1 +

√
1 + 4t2k

2
,

yk+1 = xk +

(
tk − 1

tk+1

)
(xk − xk−1).

FISTA is a proximal gradient method by incorporating Nesterov acceleration. The con-
vergence result is as follows.
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Theorem 2.4. [3, 7] Let x∗ be the solution to the problem (2.10), and {xk}k≥0 the FISTA
iterates. We have for k sufficiently large,

F (xk)− F (x∗) ≤ CL

k2
and |xk − x∗|2 ≤

C(L+ |y|2)
k

,

for some C > 0.

To ensure that |xk − x∗|2 ≤ ϵ, it requires the number of iterations nCS = O
(
L
ϵ

)
=

O( s
2
max(A)

ϵ ), where smax(A) is the largest singular value of A. Also refer to [37, 74] for
sharper convergence results of FISTA (but implicit in the dependence on dimension).

3. Main results

In this section, we develop the methodology by combining diffusion models with compressed
sensing for sparse signal/data generation, and provide theoretical insights. As mentioned in
the introduction, the idea is to compress the data into a lower dimension space, where a
diffusion model is employed to generate samples more efficiently. Compressed sensing is then
used to convert the generated samples in the latent space to the original signal/data space.
Our algorithm is summarized as follows.

Compressed Sensing + Diffusion models (CSDM)
Input: A ∈ Rm×d (sketch matrix, m≪ d).
Step 1. Apply linear sketch to compress the data pdata(·) in Rd into p̃data(·) :=
A#pdata(·) in Rm.
Step 2. Train a diffusion model using the data points drawn from p̃data(·).
Step 3. Apply FISTA to solve the problem (2.10), with y generated by the diffusion
model trained in Step 2.

Though Algorithm CSDM can be applied to any target data, it is mostly efficient for gen-
erating sparse data distribution in the regime of compressed sensing. The following theorem
provides a theoretical guarantee for the use of CSDM in data generation.

Theorem 3.1. Let (x, ỹ) be defined on the same probability space such that x ∼ pdata(·), and
ỹ is output by the diffusion model in Algorithm CSDM. Assume that |Ax− ỹ|2 ≤ σ with high
probability. Also let the assumptions in Theorem 2.3 hold (i.e., pdata(·) enjoys S-sparsity).
For {xk}k≥0 the FISTA iterates as to ỹ, we have with high probability,

|xk − x|2 ≤ C

(
σ +

s2max(A) +
√
S

k

)
, for k sufficiently large, (3.1)

where smax(A) is the largest singular value of A.

Proof. Let x∗ be the solution to the problem:

min |x|1 subject to |Ax− ỹ|2 ≤ σ.

By Theorem 2.3, we have |x− x∗|2 ≤ Cσ for some C > 0. Further by Theorem 2.4, we have
for k sufficiently large,

|xk − x∗|2 ≤
C(L+ |ỹ|2)

k
≤ C(L+ σ + |Ax|2)

k
.
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Under the assumption of Theorem 2.3, the term |Ax|2 is of order O(
√
S). Thus, we get

|xk − x∗|2 ≤ C(L+σ+
√
S)

k for k sufficiently large. By triangle inequality, we have |xk − x|2 ≤
|xk − x∗|2 + |x∗ − x|2, which yields the desired result. □

Specializing to the VP model leads to the following corollary.

Corollary 3.2. Let the assumptions in Theorem 2.1 and Theorem 3.1 hold, with ỹ be the
output of the discretized VP model in k′ steps, and {xk′,k}k≥0 be the FISTA iterates as to ỹ.
Then:

(1) Using the stochastic sampler (2.2), we have for k, k′ sufficiently large,

|xk,k′ − x|2 ≤ C

(√
m

k′
+

s2max(A) +
√
S

k

)
, for some C > 0. (3.2)

(2) Using the deterministic sampler (2.3), we have for k, k′ sufficiently large,

|xk,k′ − x|2 ≤ C

(√
m

k′
+

s2max(A) +
√
S

k

)
, for some C > 0. (3.3)

Several remarks are in order:

(a) It is common to choose the sketch matrix A ∈ Rm×d to be random, e.g., each entry of
A is a Gaussian variable with mean 0 and variance 1

m . By extreme value theory of random
matrices [62], the largest singular value

smax(A) ≲

√
d

m
with high probability.

Thus, the Lipschitz constant L = s2max(A) is of order d
m . Replacing s2max(A) with d

m in
(3.2)-(3.3) yields:

|xk,k′ − x|2 ≲

{√
m
k′ +

1
k (

d
m +

√
S) for the stochastic sampler,√

m
k′ + 1

k (
d
m +

√
S) for the deterministic sampler.

(3.4)

(b) The two terms in the bounds (3.2), (3.3) and (3.4) correspond to the diffusion sampling
error and the compressed sensing optimization error. As mentioned in the introduction, a
tradeoff between these two errors leads to an optimal choice of m – the compressed data
dimension. Let’s take the stochastic sampler of the VP model for example. In order to get
|xk,k′ − x|2 ≤ ϵ, it requires:

k′ = O
(m
ϵ2

)
and k = O

((
d

m
+
√
S

)
1

ϵ

)
Also assume that in each iteration, the computational cost of diffusion sampling is comparable
to that of compressed sensing optimization. Under this hypothesis, the complexity that
combines sampling and optimization is of order:

max

(
m,

d

m
+
√
S

)
. (3.5)

Consider the very sparse case S = O(1). Optimizing (3.5) with respect to m yields m =

O(
√
d), with the resulting complexity O(

√
d). Similarly, for the deterministic sampler of the

VP model, the optimal m = O(d
2
3 ), with the resulting complexity O(d

1
3 ).
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(c) Theorem 3.1 is flexible to support different sampling schemes and optimization algorithms.
Also assume that S = O(1). Table 1 below summarizes the optimal m and corresponding
complexity under various sampling methods with FISTA for compressed sensing.

Sampling VP (Det.) VP (Stoc.) VE (Det.) VE (Stoc.)

m d
2
3 d

1
2 d

2
5 d

2
3

Complexity d
1
3 d

1
2 d

3
5 d

1
3

Table 1. Optimal m and the corresponding complexity under different sam-
pling schemes and FISTA for compressed sensing. Det. (resp. Stoc.) is short
for deterministic (resp. “stochastic”).

There are also other (provable) optimization algorithms for solving compressed sensing
(2.10). For instance, iteratively reweighted least squares (IRLS) [14, 16, 30] was proved to

achieve the computational complexity O
(

d√
m

)
[43]. So for the VP model, the stochastic

sampler with IRLS for compressed sensing yields the optimal m = d
2
3 and the complexity

O(d
1
3 ); and the deterministic sampler with IRLS for compressed sensing yields the optimal

m = O(d) and the complexity O(d
1
2 ).

(d) As mentioned earlier, a recent line of works [36, 48, 59] studied the diffusion model’s
capability of adapting to low dimensionality. It was shown that the complexity (in KL)
of DDPM, a version of the stochastic sampler of the VP model, is O(dIS), where dIS is
the intrinsic dimension defined as the logarithm of the data’s metric entropy. Under the
S-sparsity assumption, it is known [76] that

dIS = O(S log d). (3.6)

This yields the complexity O(S log d) for DDPM in KL divergence.

On the other hand, it requires m ≳ S to ensure that A satisfies the S-restricted isometry
property. It then follows from (3.5):

the complexity of CSDM =

{
O(S) if S ≳

√
d,

O(
√
d) if S ≲

√
d.

(3.7)

If the results of [36, 48, 59] also hold in L2 norm, then our proposed CSDM achieves the same

complexity as theirs when S ≳
√
d. Note that sharper bounds on the FISTA convergence

(e.g., independent of S) will lead to a better complexity for CSDM than that of a diffusion
model alone. Moreover, diffusion models are typically easier to train in low-dimensional
spaces than in high-dimensional settings. We also mention the work [17], which proposed to
project data onto a low-dimensional space for efficient score matching, as opposed to direct
generation.

4. Numerical experiments on image data

In this section, we conduct numerical experiments on various sparse image datasets, includ-
ing handwritten digits (MNIST), medical images (OCTMNIST), and climate images (ERA5
Reanalysis). Generating such data plays an important role in advancing further analytical
methodologies across domains such as supply chain logistics, healthcare, and energy systems.
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Due to the inherently low resolution of publicly available datasets (e.g., MNIST and
OCTMNIST), we adopt a resolution upscaling strategy: all images are resized to larger spa-
tial dimensions, while preserving their inherent sparsity structure. This ensures that the
dimensionality is sufficiently high to corroborate our proposed CSDM framework. Upscaling
is applied only to form the ambient dimension d for time comparisons, whereas the com-
pressed dimension m is fixed across all d. Take the MNIST dataset for instance: we fix the
sketch matrix A ∈ Rm×d across all experiments for each d ∈ {32×32, 40×40, 48×48}, where
m = 282 = 784 is the compressed dimension. This allows us to evaluate our method under
varying degrees of compression, corresponding to 77%, 49%, and 34% respectively.

In our proposed pipeline, the total generation time per image consists of:

(1) Diffusion inference time T
(m)
diff : the inference time of the diffusion model in Rm.

(2) Recovery time T
(m,d)
CS : the time required for compressed sensing (Rm → Rd) via

FISTA.

So the total generation time of our algorithm is Ttotal = T
(m)
diff +T

(m,d)
CS . Our goal is to measure

the speedup over the baseline, which is to perform diffusion inference directly in Rd. Here

we adopt the stochastic sampler, so T
(d)
diff ≈

d
m · T

(m)
diff (see Theorem 2.1). Then, the speedup

is computed as:

Speedup = 1− Ttotal

T
(d)
diff

= 1−

(
m

d
+

m

d

T
(m,d)
CS

T
(m)
diff

)
. (4.1)

4.1. Results on MNIST. The MNIST dataset [44] consists of images of handwritten digits,
and on average, over 80% of the pixels in each image have intensity values equal or very close
to zero. As mentioned, we resize the images to the ambient resolutions d ∈ {32 × 32, 40 ×
40, 48× 48}, and fix the compressed dimension at m = 28× 28. We train a VP model in Rm

for diffusion inference, and decode the generated sample to Rd by FISTA.

Table 2 reports per-image wall-clock for (i) diffusion inference in Rm and (ii) FISTA recov-
ery in Rd, along with the speedup. As the ambient dimension d increases (or the retention
m/d drops), the diffusion inference time in the latent space Rm stays roughly constant with
the recovery adding a small overhead, while the diffusion inference in the ambient space grows
with d. This leads to increasing net speedups (from 4.39% up to 61.13%).

Compression Original Dim. Original Dim. Inference Time Low Dim. Inference Time Recovery Time Speedup

76% 1024 → 784 0.4463s / pic 0.3417s / pic 0.0852s / pic 4.39%
49% 1600 → 784 1.1103s / pic 0.5441s / pic 0.0741s / pic 44.32%
34% 2304 → 784 1.5987s / pic 0.5440s / pic 0.0774s / pic 61.13%

Table 2. Comparison of generation time on MNIST

Figure 1 illustrates CSDM generations at each compression level. With low compres-
sion/high retention (76%), digits are crisp and legible with thin strokes largely intact. But
with high compression/low retention (34%), we observe a higher background grain and oc-
casional breaks in tight curves, with loop digits (0/6/8) and multi-segment (5) the first to
degrade. Nevertheless, class identity remains visible in most samples, with the strong speedup
at this compression. Overall, CSDM achieves substantial wall-clock savings while preserving
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digit identity over a wide range of compression; artifacts concentrate in thin/curved strokes
at aggressive compression.

(a) 76% dimensions retained (b) 49% dimensions retained (c) 34% dimensions retained

Figure 1. MNIST generations at three compression levels.

4.2. Results on OCTMNIST. OCTMNIST contains retinal OCT B-scans from the MedM-
NIST collection [81]. Unlike handwritten digits, medical images are generally less sparse.
However, OCT exhibits banded anatomy: most diagnostic content concentrates in a nar-
row horizontal band (retinal layers) near the upper or middle part of the frame; while large
regions, especially the lower half, are near-zero background (see Figure 2 for illustration).
This induces substantial spatial sparsity, which is around 65–70% near-zero pixels at native
resolution.

Figure 2. Original OCTMNIST samples

We follow the same setup as in MNIST. Table 3 reports per-image wall-clock for diffusion
inference in Rm, FISTA recovery in Rd, along with the speedup. The result is similar to
MNIST: as the dimension d increases, the diffusion inference time in the latent space stays
roughly constant with the recovery adding a small overhead, which yields larger net time
savings.
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Compression Original Dim. Original Dim. Inference Time Low Dim. Inference Time Recovery Time Speedup

76% 1024 → 784 1.6465s / pic 1.2606s / pic 0.1519s / pic 4.99%
49% 1600 → 784 1.9243s / pic 0.9429s / pic 0.1541s / pic 42.99%
34% 2034 → 784 2.8735s / pic 1.1076s / pic 0.1556s / pic 56.04%

Table 3. Comparison of generation time on OCTMNIST

Figure 3 shows CSDM generations at different compression levels. With low compres-
sion/high retention (76%), the retinal band is continuous and well localized; intra-band
texture appears with mild grain, and the background remains largely quiescent. Layer tran-
sitions are visible, with only light speckle around boundaries. With high compression/low
retention (34%), the band stays recognizable and contiguous, yet shows higher intra-band
speckle and occasional softening at sharp transitions; background grain is more pronounced.
Overall, CSDM preserves the banded retinal anatomy, while delivering substantial wall-clock
savings. Artifacts concentrate as mild speckle and slight softening within the band at aggres-
sive compression, but the decision-relevant structure (e.g., band continuity and localization)
remains clear across settings.

(a) 77% dimensions retained (b) 49% dimensions retained (c) 34% dimensions retained

Figure 3. OCTMNIST generations at three compression levels.

4.3. Results on ERA5 Reanalysis. ERA5 Reanalysis dataset is provided by ECMWF on
the large-scale precipitation fraction (LSPF) field (see Figure 4 for illustration). In contrast
with the previous two subsections, each snapshot is resized to a fixed ambient resolution of
80× 80, and then compressed to the retention levels 64% (64× 64), 49% (56× 56), and 36%
(48× 48).

Table 4 reports the per-sample wall-clock for diffusion inference in Rm, FISTA recovery
in Rd, along with the speedup. As the level of compression increases, the diffusion inference
time in the latent space shortens significantly with the recovery remaining lightweight; the
net speedup increases steadily from 4.22% to 59.31%.
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Figure 4. Original LSPF samples in Year 2023

Compression Original Dim. Original Dim. Inference Time Low Dim. Inference Time Recovery Time Speedup

64% 6400 → 4096 13.7545s / pic 8.8029s / pic 4.3712s / pic 4.22%
49% 6400 → 3136 12.8296s / pic 6.2865s / pic 1.7669s / pic 37.23%
36% 6400 → 2304 12.2049s / pic 4.3938s / pic 0.5721s / pic 59.31%

Table 4. Comparison of generation time on LSPF

Figure 5 illustrates CSDM generations at different compression levels. With low com-
pression/high retention (64%), the generations are nearly indistinguishable from the full-
resolution fields. Fine-scale precipitation patterns are well preserved, with only minor smooth-
ing in localized regions. With high compression/low retention (36%), large-scale structures
are still visible, but finer details are partially lost, and small patches may merge or vanish.
Overall, CSDM achieves significant wall-clock savings, while retaining essential spatial pat-
terns on a complex and low-sparsity climate dataset. As the level of compression increases,
artifacts manifest primarily in the loss of local variability, but the large-scale precipitation
dynamics remain intact for downstream geophysical and risk analysis.

(a) 64% dimensions retained (b) 49% dimensions retained (c) 36% dimensions retained

Figure 5. LSPF generations at three compression levels.
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5. Numerical experiments on time series data

In this section, we further explore the idea of integrating diffusion models with dimension
reduction techniques in the context of financial time series. Previous works [1, 19] exploited
diffusion models for portfolio optimization, while our focus is on stress testing. Instead of
applying random projections (and compressed sensing), we use principal component analysis
(PCA) to find the most significant variance directions of macroeconomic factors. We then
train a diffusion model in the principle component (PC) space to generate synthetic PC data.
These generated PC data can be viewed as “informative” factors, which can be subsequently
used for portfolio backtesting and stress testing via regression analysis.

Here we train a diffusion model in a low-dimensional macro-factor space: the first 6 PCs
computed from 126 FRED-MD factors [54], corresponding to over 90% of cumulative ex-
plained variance. We then generate synthetic PC paths, and map them to the equity space
(AAPL, AMZN, COST, CVX, GOOGL, JPM, KO, MCD, NVDA, UNH) for portfolio man-
agement (Section 5.1) and stress testing (Section 5.2).

Value at Risk (VaR): For a portfolio return R, the α-quantile Qα(R) induces the (left-tail)
VaR as

VaRα = −Qα(R).

The tables below report the quantiles of returns, with the 1%, 5%, 10% and 25% rows
corresponding to VaR99%, VaR95%, VaR90% and VaR75% (after the sign change).

5.1. Unconditional Portfolio Management. We evaluate 6-month cumulative log-returns
under three portfolio constructions: (i) Equal-Weight portfolio, (ii) Markowitz global mini-
mum variance portfolio (GMVP), and (iii) Risk-Parity portfolio. If the low-dimensional PCs
retain the key risk directions, then the generated data are expected to reproduce distribu-
tional properties (e.g., center, dispersion and tails).

(i) Equal-Weight Portfolio: Figure 6 shows the histograms of real and generated 6-month
cumulative log-returns, and Table 5 provides the summary statistics.

Statistics Real 6M Generated 6M
Mean 9.43% 6.78%
Median 10.38% 7.62%
Std Dev 8.83% 9.13%
1% Quantile -12.65% -16.35%
5% Quantile -6.64% -10.05%
10% Quantile -2.67% -5.25%
25% Quantile 4.17% 1.95%

Table 5. Equal-weight portfolio: real vs. generated 6M log-return statistics.

The generated portfolio distribution aligns with the real one in location and scale, while
showing a heavier left tail. The VaR errors are the largest for the equal-weight portfolio
(e.g., the 5% quantile differs by ≈ 3.41pp), indicating more mass in the synthetic left tail
with no risk-adjusted weights.
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(ii) Markowitz GMVP: Table 6 provides the GMVP weights (with short-selling not allowed),
and Figure 7 shows the histograms of real and generated log-returns. The summary sta-
tistics (Table 7) and the efficient frontiers (Figure 9) show that the real and generated
portfolios have close mean and volatilities, but moderate tail differences. Also note that
GMVP tails are much closer than those in the equal-weight case (e.g., |∆Q1%| ≈ 0.62pp
and |∆Q5%| ≈ 1.03pp), suggesting that the PC diffusion generations preserve the covariance
structure relevant to volatility minimization.

Source AAPL AMZN COST CVX GOOGL
Real (%) 0.00 4.74 17.83 1.61 9.47
Generated (%) 0.00 1.35 28.85 2.47 6.05
Source JPM KO MCD NVDA UNH
Real (%) 1.45 27.99 25.34 0.00 11.56
Generated (%) 0.00 39.40 13.39 0.00 10.96

Table 6. GMVP portfolio weights comparison (real vs. generated).

Statistics Real GMVP Predicted GMVP

Mean 7.26% 7.28%

Median 7.63% 7.01%

Std Dev 6.19% 6.42%

1% Quantile -8.52% -7.90%

5% Quantile -2.78% -3.81%

10% Quantile -0.26% -0.73%

25% Quantile 3.65% 3.52%

Table 7. GMVP: real vs. generated 6M log-return statistics.

(iii) Risky-Parity Portfolio: Table 8 reports the risk-parity weights, which are similar in both
settings. Figure 8 provides the histograms of real and generated log-returns. The summary
statistics (Table 9) shows that mean and volatilities match, and the left-tail quantiles differ
by only 0.01–0.04pp, indicating that tail risk is effectively captured when portfolios are
constructed from risk-balanced exposures.

Source AAPL AMZN COST CVX GOOGL

Real (%) 7.90 8.37 11.56 9.05 9.23

Generated (%) 7.31 8.62 12.29 9.04 9.43

Source JPM KO MCD NVDA UNH

Real (%) 8.23 14.67 14.27 5.42 11.30

Generated (%) 8.50 14.71 13.50 5.14 11.46

Table 8. Risk-Parity portfolio weights comparison (real vs. generated).
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Statistics Real RP Predicted RP

Mean 8.55% 8.54%

Median 8.85% 8.71%

Std Dev 7.43% 7.41%

1% Quantile -11.33% -11.32%

5% Quantile -3.47% -3.51%

10% Quantile -1.48% -1.46%

25% Quantile 4.00% 4.17%

Table 9. Risk-Parity: real vs. generated 6M log-return statistics.

Figure 6. Equal-weight
portfolio comparison.

Figure 7. GMVP com-
parison.

Figure 8. Risk-parity
comparison.

Figure 9. Efficient fron-
tiers comparison.

Overall, training a diffusion model in a low-dimensional macro-PC space has proven reliable
in reproducing the real data distribution for backtesting across equal-weight, GMVP, and risk-
parity portfolios, and crucially, the left-tail quantiles are close to their empirical counterparts.
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Weight patterns are consistent for GMVP and risk-parity, indicating that the low-dimensional
PCs retain the covariance structure that drives risk-aware portfolio construction.

5.2. Standard scenario analysis (SSA). Standard scenario analysis (SSA) for financial
portfolios is designed to estimate a portfolio’s return when some subsets of risk factors are
subjected to stress [32]. Here we follow the presentation of [2].

Under the standard multi-factor model for stock returns, if Xt ∈ Rd is the d-dimensional
vector of common factors, we define S to be the set containing the indices of the factors
in a scenario (i.e., the factors that we intend to stress), and hence Sc is the index set of
those factors that we leave un-stressed. SSA stresses the components of XS,t according to
a given scenario (e.g., +20 on the S&P index, −10 on the CPI index, and +0.1 on the US
Dollar/Euro exchange rate), and keeps the components in XSC ,t unchanged (i.e., equal to
their current value). The new portfolio P&L, or overall return Vt is then computed with Yt
determined by the scenario and the multi-factor model. To be more precise,

(1) Let ∆XS,t+1 = XS,t+1 −XS,t denote the t+ 1 scenario stress vector ∈ R|S|.

(2) Compute the SSA factor change vector:

∆XSSA
i,t+1 =

{
∆XS,t+1, for i ∈ S,
0, for i ∈ Sc.

(3) Obtain the predicted factor vector under SSA: XSSA
t+1 = Xt +∆XSSA

t+1 .

(4) From the fitted neural net fNN , predict the post-stress asset returns: Y SSA−stress
t+1 =

fNN (XSSA
t+1 ).

We summarize the SSA procedure in the following algorithm, which we will later feed into
a historical rolling window backtest. Let s be the size of the rolling window. Note that the
fitted matrix of factor loadings, fNN is treated as an input in this algorithmic format. Denote
by xt−s:t ∈ Rs×p the matrix of common factors from time t− s up to t, and by yt−s:t ∈ Rs×n

the matrix of asset returns from time t − s up to t. We take xactual,S,t+1 to be the realized
historical scenario.

Input: xt−s:t (common factors in rolling window), xt+1 (future factors), fNN (neural
net fitted on the whole time series)

Output: V̂t+1,SSA (portfolio return under SSA)

(1) Set xS,t+1 ← xactual,S,t+1 and xSC ,t+1 ← xSC ,t to form xSSAt+1 .

(2) Compute yt+1,SSA ← fNN (xSSAt+1 ).
(3) Compute portfolio weights w ← 1/N (or Markowitz weights, or Risk-Parity).

(4) Compute portfolio return V̂t+1,SSA ← w⊤yt+1,SSA.

In our experiments, the goal is to evaluate the performance of the generated data against
real data in the context of financial stress testing. For the real data, we train a neural network
model fmacro

NN , where the input consists of 126 macroeconomic factors. In this setting, the
variable xSSA in the aforementioned algorithm corresponds directly to these macro factors.
The generated data are constructed from the first six principal components (PCs). To process
these synthetic features, we employ a different neural net fPC

NN , which takes as input the time
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Figure 10. Real vs. Generated SSA (Scenario 1: RPI & SRVPRD)

series of six PCs, and outputs the corresponding stock prices. In this case, xSSA are the
values of the principal components instead of the original macroeconomic factors.

We conduct SSA by stressing selected macro factors while holding all others fixed, and
then computing portfolio returns under three strategies: Equal Weight, Markowitz GMVP,
and Risk-Parity. We compare Real Data SSA (macro factors fed to a neural net trained on all
126 factors) with Generated Data SSA (diffusion inference in the PC space). Three scenarios
are considered: (1) RPI + SRVPRD; (2) S&P 500 + ACOGNO; (3) all four (RPI, SRVPRD,
S&P 500, ACOGNO). Figures 10–12 illustrate the empirical return distributions under the
two data sources. Across all strategies and scenarios, the generated distributions exhibit
strong alignment with the real data benchmarks in terms of central tendency, dispersion,
and tail behavior. This is further confirmed by detailed summary statistics in Tables 10–
12. Notably, under the GMVP strategy, the generated data reproduce the real mean return
within a margin of less than 0.2%, while the extreme quantiles (1%, 5%) also display high
fidelity, suggesting accurate modeling of downside risks. Similar consistency is observed for
the risk-parity strategy, where the generated returns track both the scale and distributional
shape of real data.

Method Source mean median std 1% 5% 10% 25%

Equal Weight Real Data SSA 0.015499 0.020229 0.045045 -0.111204 -0.061352 -0.041970 -0.008881
Equal Weight Generated Data SSA 0.014896 0.018448 0.034625 -0.078333 -0.053042 -0.037523 0.001501
Markowitz GMVP Real Data SSA 0.013717 0.018585 0.033267 -0.073650 -0.038906 -0.026783 -0.004122
Markowitz GMVP Generated Data SSA 0.015070 0.013561 0.023838 -0.042804 -0.021070 -0.008217 0.003035
Risk-Parity Real Data SSA 0.014376 0.018989 0.040037 -0.096461 -0.053468 -0.037086 -0.007106
Risk-Parity Generated Data SSA 0.013583 0.015629 0.033125 -0.089767 -0.047309 -0.025966 -0.003006

Table 10. Summary statistics for Scenario 1 (RPI + SRVPRD).

6. Conclusion

This paper develops dimension reduction techniques to accelerate diffusion model inference
for data generation. The idea is to incorporate compressed sensing into diffusion sampling,
which facilitates the efficiency of both model training and inference. Under suitable sparsity
assumptions on data, the proposed CSDM algorithm is proved to enjoy faster convergence,
and an optimal value for the latent space dimension is derived as a byproduct. We also
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Figure 11. Real vs. Generated SSA (Scenario 2: S&P 500 + ACOGNO).

Method Source mean median std 1% 5% 10% 25%

Equal Weight Real Data SSA 0.015336 0.020786 0.044551 -0.110215 -0.061371 -0.041356 -0.008964
Equal Weight Generated Data SSA 0.014808 0.018311 0.033909 -0.078462 -0.049675 -0.040138 0.001706
Markowitz GMVP Real Data SSA 0.013588 0.018453 0.032662 -0.073197 -0.039339 -0.026637 -0.004582
Markowitz GMVP Generated Data SSA 0.015042 0.014135 0.023652 -0.042127 -0.021630 -0.008526 0.003317
Risk-Parity Real Data SSA 0.014182 0.018976 0.039558 -0.095410 -0.052677 -0.036798 -0.007377
Risk-Parity Generated Data SSA 0.013485 0.015349 0.032551 -0.086335 -0.040740 -0.026172 -0.000841

Table 11. Summary statistics for Scenario 2 (S&P 500 + ACOGNO).

Figure 12. Real vs. Generated SSA (Scenario 3: RPI, SRVPRD, S&P 500,
ACOGNO).

Method Source mean median std 1% 5% 10% 25%

Equal Weight Real Data SSA 0.015177 0.018720 0.044467 -0.110243 -0.061746 -0.041088 -0.009005
Equal Weight Generated Data SSA 0.014738 0.018579 0.034219 -0.079646 -0.051498 -0.040804 0.001805
Markowitz GMVP Real Data SSA 0.013350 0.017684 0.032525 -0.070224 -0.037711 -0.026908 -0.004720
Markowitz GMVP Generated Data SSA 0.014791 0.014446 0.023785 -0.043476 -0.021829 -0.009040 0.003186
Risk-Parity Real Data SSA 0.014034 0.017923 0.039447 -0.095408 -0.052755 -0.037053 -0.007807
Risk-Parity Generated Data SSA 0.013469 0.014923 0.033141 -0.087174 -0.042830 -0.027617 -0.001268

Table 12. Summary statistics for Scenario 3 (all four factors).

corroborate our theory with numerical experiments on various image data, and financial
time series for stress testing applications.

There are several directions to extend this work. First, an important problem is to derive
sharper convergence rates of FISTA with explicit dimension dependence. This will allow us
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to obtain better complexity of the proposed CSDM algorithm. Second, it is interesting to
integrate the proposed CSDM algorithm into conditional generation or guidance [24, 35, 39,
71], and diffusion model alignment [6, 26, 83]. Finally, it is desirable to build a theory of
PCA + diffusion models framework proposed in Section 5.
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